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Abstract 
Based on the previous research in human resources selection process modelling by industrial engineers and on the multilevel 
theory and research in organizations principles, we are proposing an applicant screening fuzzy expert system that deals with short 
listing the most suitable candidates for a technical position in an industrial multinational company. We have taken into account as 
input variables three mandatory criteria listed in the recruitment announcement: education, previous professional experience and 
motivation for occupying the position. Based on the decisions of our fuzzy expert system, automatic applicant selection 
procedure will be able to distinct between candidates that do not meet the mandatory criteria and candidates that are suitable for a 
vacant technical position and will be invited for an interview. 
© 2015 The Authors. Published by Elsevier Ltd. 
Peer-review under responsibility of the Scientific Committee of EPC-TKS 2015. 
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1. Fuzzy logic in personnel selection 
As the industrial organizational literature clearly states, the selection of qualified human resources is a key 
success factor for an organization and the complexity and importance of the problem call for analytical methods 
rather than intuitive decisions. Multiple Criteria Decision Making (MCDM) was introduced as a promising and 
important field of study in the early 1970’es, aiming to enhance the degree of conformity and coherence in the 
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decision processes carried out among decision makers. Since then the number of contributions for more systematic 
and rational decision making with multiple criteria, has continued to grow. Along with Bellman, Zadeh, and 
Zimmermann introducing fuzzy sets into the field, there emerged a new family of methods to deal with problems 
which had been unsolvable with standard MCDM techniques (Carlsson, C., & Fullér, R., 1996).  
Nowdays engineering modeling in personnel selection regard a variety of factors such as personality, leadership, 
and communication skills, which are considered to represent subjective and vague assessments. The fuzzy set theory 
appears as an effective tool to incorporate imprecise judgments inherent in the personnel selection process. Karsak 
E. E. (2001) proposes a fuzzy multi-criteria decision making (MCDM) framework based on the concepts of ideal and 
anti-ideal solutions for selecting the most appropriate candidate from the short-listed applicants. The proposed 
method enables researchers to incorporate data in the forms of linguistic variables, triangular fuzzy numbers and 
crisp numbers into the personnel selection decision analysis.  
The TOPSIS method, which was initially developed by Hwang and Yoon (1981), is a widely used compromising 
method for handling MCDM problems. The basic rationale of the TOPSIS method is that the chosen alternative 
should have the shortest distance from the positive-ideal solution and the farthest distance from the negative-ideal 
solution. The criterion weights in the TOPSIS method are given a priori. Moreover, the positive-ideal solution and 
the negative-ideal solution are directly generated from the decision matrix (Li, D. F., 2008). In the classical TOPSIS 
method,  all  of  the  decision  data  are  precisely  known  or  are  given  as  crisp  values,  but  most  of  the  time  it  can  be  
difficult to determine the data precisely because human judgments are often vague under many conditions in 
practice. Therefore, numerous studies have been conducted on the extended TOPSIS methods within a fuzzy 
environment. The extension of the TOPSIS method to the fuzzy environment makes it possible to address more 
imprecision and uncertainties in the multiple criteria evaluations in the real world (Ting-Yu Chen, 2015).  
Thus, the fuzzy set theory represents an essential tool to provide a decision framework that incorporates imprecise 
judgments inherent in the personnel selection process. Mehtap Dursun and E. Ertugrul Karsak (2010) have 
developed a fuzzy multi-criteria decision making (MCDM) algorithm using the principles of fusion of fuzzy 
information, 2-tuple linguistic representation model, and technique for order preference by similarity to ideal 
solution (TOPSIS). The proposed method is able to manage information assessed using both linguistic and numerical 
scales in a decision making problem with multiple information sources, furthermore enabling managers to deal with 
heterogeneous information, such as personnel selection. 
2. Fuzzy expert system for applicant screening in industrial contexts 
Based on the previous research in human resources selection process modeling by industrial engineers and on the 
multilevel theory and research in organizations principles (Kozlowski, S. W. J., and Klein, K. J., 2000), we are 
proposing an applicant screening fuzzy expert system that deals with short listing the most suitable candidates for a 
technical position in an industrial multinational company. This fist level of selection will ensure the pool of suitable 
candidates that will be invited for an interview. 
Fig. 1. Main window of Applicant_ Screening Controller 
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The main window of Applicant_Screening Fuzzy controller is presented in Fig.1. Since the role of this controller 
is to select candidates to be invited for an interview, it has only one output variable with two linguistic terms Select
and Reject. We have chosen Takagi-Sugeno controller that uses as output variables singleton-type linguistic terms, 
namely non-fuzzy numerical values. In this case the two linguistic terms have as values Reject = 0 respectively 
Select = 1, which materializes the automated decision of the applicant screening model (Fig. 2). 
Fig. 2. OUTPUT Variable Select/Reject 
a) Motivation variable with two linguistic terms: Unconvincingly/Convincingly 
b) Relevant professional experience variable with three linguistic terms: low/average/high 
c) Relevant education variable with three linguistic terms: low/average/high
Fig. 3. INPUT Variables 
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It is noted that the shapes of the membership functions, trapezoidal in this case, were intuitively chosen based on 
expert experience of the designer. When data is statistically significant and screening tests results can be correlated 
with interviews results and job performance of the candidates that have been hired, these forms can be easily 
optimized. 
In the framework of the present system, the key operation that decides the functioning is the inference 
materialized by the block Applicant_ Screening_Sugeno presented in Fig. 1. The inference generates the output 
decisions based on input specified conditions. Like any other expert system, our fuzzy expert system performs using 
a rules database in the form of "If the premise, than the conclusion". In our case, the structure of input variables and 
linguistic terms represented in Fig. 3, the maximum number of rules that can be written is 2 x 3 x 3 = 18. It is 
noteworthy that an expert system can operate satisfactorily even if the designer does not write the maximum number 
of rules, which may appear in very complicated applications with many variables and many linguistic terms. In our 
case the maximum number of possible rules is small, and thus each rule has a clear justification, so that the rule base 
presented in Fig. 4 has exactly 18 rules. 
Fig. 4. Decision rules database 
The justification of the decision rules are as following: 
1. If all three input variables that are appreciated as unconvincing respectively low, the application is 
rejected; this is the worst possible situation; 
2. If the Motivation is unconvincing, Relevant_experience is low and Relevant_education is average, the 
application is rejected; 
3. If the Motivation is unconvincing, Relevant_experience is low and Relevant_education is high, the 
application is selected for good quality studies can provide the premise of a good adaptation of the 
candidate, even without direct technical experience; 
4. If the Motivation is unconvincing, Relevant_experience is average and Relevant_education is low, the 
application is rejected; 
5. If the Motivation is unconvincing, Relevant_experience is average and Relevant_education is average, 
the application is selected, although the profile does not seem to have increased opportunities, it is 
possible that the performance of the candidate in the interview to prove a good fit with the 
organizational profile; 
6. If the Motivation is unconvincing, Relevant_experience is average and Relevant_education is high, the 
application is selected, this situation is more favorable than any of the previous-fold; 
7. If the Motivation is unconvincing, Relevant_experience is high and Relevant_education is low, the 
application is rejected; 
8. If the Motivation is unconvincing, Relevant_experience is high and Relevant_education is average, the 
application is selected; the situation is similar to that described by rule 6; 
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9. If the Motivation is unconvincing, Relevant_experience is high and Relevant_education is high, the 
application is selected. 
It is obvious that in all cases in which the Relevant_experience and Relevant_education made possible the 
selection decision, even when Motivation was unconvincing; the same decision remains when Motivation is 
convincing. This is the case of the decision rules 12, 14, 15, 17 and 18. On the other hand the decision rules 10, 13 
and 16 produce the rejection decision even if Motivation is convincing because they have as premises low 
Relevant_education. The only modification driven by the convincing Motivation premise appears to rule 11, which 
assumes the selection decision, because it is considered that a good motivation can in principle compensate for lack 
of experience, if Relevant_education has at least an average value. 
The Software environment in which exemplifications were developed, the FIS interface (Fuzzy Inference 
System) of Matlab provides two visual tools that can facilitate functional analyzes of applications, namely View 
Surface (see Fig. 5) and View Rules (see Fig. 6). 
Control surfaces are the geometric locations of the output values when input variables take all possible values. 
Control surface is therefore a graphical representation of input-output static characteristics, providing a synthetic 
image of the fuzzy controller functioning. 
In Fig. 5 the blue colored areas are associated with rejection decision, and the yellow color is associated with 
selection decisions. Bidimensional representations of functional dependency of Relevant_experience – 
Relevant_education has the Motivation as parameter; Motivation is set to have a 0 value for unconvincing and 1 for 
convincing. In the FIS interface these settings appear in the dialog box Ref. input: [0 NaN NaN] or [1 NaN NaN]. 
The graphical interpretation of Applicant_Screening controllers’ functioning becomes obvious under these 
conditions. 
Fig. 5. Command surfaces for  Relevant_education – Relevant_experience with Motivation = 0 and 1 
Fig. 6.  Dynamical representation of decision rules for Relevant education = 1,  Relevant professional experience = 1 and Motivation = 1 
262   Dana Balas-Timar and Sonia Ignat /  Procedia - Social and Behavioral Sciences  203 ( 2015 )  257 – 263 
In the dynamic representation of the inference rules (Fig. 6) one can observe the degrees of activation of each 
linguistic term within each rule, and also the final result, which is then Select. Of the 18 rules, 7 (39%) will reject 
candidates and 11 (61%) will select candidates, so our model is mainly a permissive one, having a low sensitivity 
towards type II errors, accepting false positives. Models’ threshold is situated under average, mainly because the 
role of applicant screening procedure is especially oriented to eliminate candidates who do not meet the minimal 
criteria, as supported by organizational practice. 
In the case of the 7 rules that will reject candidates, unconvincing job motivation will count in 4 cases (57%) and 
convincing motivation in 3 (43%). If the case of the 11 rules that will select candidates, unconvincing motivation 
will count in 5 cases (45%) and convincing motivation in 6 cases (55%). In the case of the 7 rules that will reject 
candidates, relevance of education will count in 6 cases (85%), average relevance of education will count in 1 case 
(14%) and high relevance of education will count in 0 cases (0%). In the case of the 11 rules that will select 
candidates, low relevance of education will count in 0 cases (0%), average relevance of education will count in 5 
cases (45%) and high relevance of education will count in 6 cases (55%). As shown, the relevance of education 
needed for performing on the job represents an essential selection criterion, our model promoting the selection of 
young graduates that have no relevant technical work experience. Our model does not eliminate any applicant who 
has relevant education although motivation for occupying the job is not convincing and professional experience is 
also irrelevant. On the other hand, no candidate with irrelevant education will be selected by our model. 
In the case of the 7 rules that will reject candidates, low relevance of the previous professional experience will 
count in 3 cases (43%), average relevance of the experience will count in 2 cases (28.5%) and high relevance of 
experience will count in 2 cases (28.5%). In the case of the 11 rules that will select candidates, low relevance of the 
experience will count in 3 cases (27%), average relevance of the experience will count in 4 cases (36.5%) and high 
relevance of experience will count in 4 cases (36.5%). As one can observe, relevant professional experience does not 
represent a restrictive criteria such as education, our model selecting applicants with irrelevant professional 
experience and on the other hand, rejecting candidates with relevant professional experience. 
The main advantage of the Fuzzy expert model is the perfect transparency, provided by the inference rules that 
can easily be explained and understood, creating prerequisites for further adjustments and highly efficient 
adaptations. If for example we have a job position where there are a large number of applicants on a small number 
of vacancies, based on arguments we can easily rewrite some of the inference rules, for instance replacing the Select
conclusion with Reject conclusion, making the model more sensitive to aspects regarded for: education, previous 
professional experience and job motivation. 
3. Conclusions  
Personal conclusion based on the results of this study and the results included in the meta-analyzes mentioned is 
that there is no precise rule, on how these variables interact and how they influence each other; it's all about the 
organizational context in which the specific circumstances and temporal measurement of the variables are accounted 
for. No organizational context remains unchanged, so that no work-related personal construct remain the same; one 
of the essential functions of the human intelligence is adapting responses depending on the context. The argument 
for choosing this specific research is to identify the extent to which certain constructs such as subsequent work 
performance can be predicted, based on applicant screening results and then on interview scores. 
Although work performance is a vague construct and desirable organizational behavior along with employees’ 
familiarity to permanent assessment practice tend to excessively bureaucratize organizational assessments, personnel 
selection practices showing that the selection of the most suitable candidates leads to substantial reduction in 
training costs, lowering the dropout rate, absenteeism and turnover. 
The findings of this research are particularly important when analyzing a specific organizational context, when 
practitioners in human resources need to establish the exactly cause leading to professional performance and use 
these results to explain employees’ attitudes. It is not the purpose of this study to explain how employees can 
increase performance, but this study provides methodological evidence on short-listing the most suited candidate 
that will most probably highly perform on job. The Fuzzy expert model developed is able to assist - from an expert 
perspective – a human resources consultant that will have to decide on the employment of certain candidates. Of 
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course this model is useful only in industrial contexts, especially for technical positions, jobs that attract many 
applicants and the selection is required to be rigorous one. 
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